Introduction
Shortening the length of patient journey is always an expectation of patients. Also, it is one of the vital key performance indicators for evaluating the effectiveness of healthcare service providers. In order to best utilize the existing resources to raise healthcare service level, careful application of scheduling algorithms is crucial [7] . While conventional operations research methods have been found effective for scheduling related problems found in different medical units [8, 9, 4] , most of them take the centralized approach and are not designed to be applied to decentralized situations where multiple resources at multiple hospitals are to be coordinated [5, 7, 2] .
The multi-agent approach is characterized by emphasizing on local interaction and self-organization of different entities being modeled. These properties make it especially suitable for tackling complex tasks with a lot of stakeholders [11, 1] . Multi-agent methods have found applications in a variety of problem domains, such as airport resource scheduling [3] , load allocation in transportation logistics [6] , supply chain management [10] , etc. Recently, it has also been applied to patient scheduling in [5, 7] with some initial success demonstrated. And yet, there are limitations. Paulussen et al., in [5] , assume that a quantified health state can be accurately derived as a utility measure for guiding the scheduling process. In [7] , Vermeulen et al. did not consider the temporal constraints between the treatment operations during the scheduling process.
In this paper, we focus on the problem of improving the healthcare experience of cancer patients by optimizing their patient journeys. It is common that many developed cities have established a number of cancer centers to pool up resources for best utilization and yet to ensure that the centers are properly located to cater for the needs in different regions of the cities. However, the geographical distribution of the patient demand is dynamic in general and hard to be accurately predicted at different time points. The objective of this study is to explore the extent to which patient journey can be improved by better coordinating and mobilizing resources distributed at different cancer centers. In particular, we formulate the problem based on the healthcare system for cancer treatment in Hong Kong. We propose the use of a multi-agent approach where each patient and each unit of resources are modeled as autonomous agents which can interact with others to arrive an effective overall schedule with reduced amount of patient waiting times. To evaluate the effectiveness of the proposed approach, we made use of a patient identity anonymized data set collected by Hospital Authority in Hong Kong which contains 5819 cancer patients with an admission period spanning over 6 months, and have carried out simulations with the proposed approach given different settings of the environment.
The rest of the paper is organized as follows. The patient scheduling problem formulation is described in Section 2. Section 3 and Section 4 present the details of the proposed agent-based scheduling algorithm. Section 5 presents some preliminary experimental results and Section 6 concludes the paper.
PROBLEM FORMULATION
In this section, we first briefly describe the establishment of the cancer centers in Hong Kong. Then, we formulate the patient scheduling problem for cancer treatment as an optimization problem and explain how a particular multiagent approach can be adopted to address the distributed nature of the problem.
Cancer Patient Treatment -A Hong Kong Scenario
In Hong Kong, there are seven cancer centers. Figure  1 shows the geographical distribution of the seven cancer centers in Hong Kong. With the objective not to reveal the performance of individual centers, we denote the set of the seven centers as C = {C 1 , C 2 , ..., C 7 }. Currently, these cancer centers are essentially managed by themselves at the operational level. That is, on-demand information exchange among the centers for scheduling patients is not yet extensively used. That is why it is common for cancer patients to be scheduled for receiving a series of treatments all at only one cancer center, even though the same or some of them could be provided significantly earlier by other centers. Generally speaking, for any patient admitted to a hospital (cancer center), he or she first consults a medical doctor for diagnosis. Once the case is suspected to be cancer, the doctor will specify the patient a treatment plan which contains a sequence of treatment operations. For the application domain being chosen, we denote the set of treatment operations as Γ = {radiotherapy planning, radiotherapy, surgery, chemotherapy}.
To carry out the treatment operations, medical resources are needed. As resources are usually limited, related scheduling and allocation are by no means trivial. We denote the set of medical resources (or units) for our domain as A = {radiotherapy planning unit, radiotherapy unit, operation unit, chemotherapy unit}. We assume that one treatment operation can only be performed at one medical unit of the corresponding type. A patient journey is defined as the duration from the date of admission to the date of the last treatment operation completed. The goal of this work is to shorten the patient journey as far as possible.
Formulation
Let K := A × C be the cartesian product of A and C giving the complete set of medical units, M := K → Γ be an one-to-one mapping between K and Γ specifying the treatment type of the medical units, and P be the set of cancer patients being scheduled. 
j ∈ K be the unit at which the j th treatment operation is performed, T r i j ∈ Γ be the type of treatment for the j th operation, C k be the daily capacity (i.e., the maximum number of patients that could be treated) of medical unit k ∈ K, T t be the duration (in days) of treatment type t ∈ Γ, and Z be the set of dates on which patient scheduling is being considered.
With the assumption that all the patients are being treated equally in terms of urgency, the scheduling problem can be formulated as:
with the following constraints to be satisfied:
The objective function in (1) is to minimize the time lags between treatment operations for cancer patients. Constraint (2) ensures the temporal constraints between treatment operations are not violated, constraint (3) is used to ensure all medical units are operating within their capacities. Constraint (4) ensures that only the right kind of treatments are assigned to each medical unit. Constraint (5) ensures that patients would only be scheduled to receive treatment operations after their admissions.
SCHEDULING FRAMEWORK
Theoretically, patient journeys "travelling" possibly different centers could be scheduled by directly optimizing the criterion function (1). However, it is impractical to do so as it is hard to assume that a cancer center is willing to share its real-time resource allocation related data (e.g., C k ) with other centers due to both technical and managerial reasons. So, on one hand, the information sharing infrastructure across different information systems of different centers' medical units has to be ready. Also, each medical unit is used to be managed by its own staff using its own information system for resource allocation. Having the patient scheduling at different medical units to be effectively coordinated to optimize the patient journey experience poses challenges on how the resource should be managed accordingly even within a hospital, let alone crossing all the hospitals.
In this section, we argue that the use of the multi-agent approach which tries to model each stakeholder as an autonomous agent and allows only local interactions among the agents is particularly suitable for our application. It aims to minimize the information sharing requirement among the hospitals and yet to obtain a good enough suboptimal result for the (global) patient journey optimization. In our proposed framework, there are patient agents and resource agents. They interact via some designed protocol for achieving the aforementioned optimization.
Patient Agent
A patient agent is used to represent one cancer patient and is denoted as P i with i = 1, 2, ..., |P |. It stores the patient's treatment plan. As it is common that some treatment operations have to be performed in prior to the others, the set of treatment operations to be received by a patient has to be ordered to satisfy certain temporal constraints. Hence, each patient agent
Resource Agent
A resource agent is used to manage a specific medical unit. Here, we denote R ab as a resource agent representing medical unit a ∈ A at cancer center b ∈ C. Each resource agent has full access to the schedule of the medical unit it represents, but not those of the others.
Scheduling Algorithm
We adopt a two-phases scheduling algorithm similar to what being proposed in [5, 7] . For each newly admitted patient, a treatment plan is first designed and then the corresponding treatment operations are initially scheduled with the temporal constraints of the operations and the unit capacity taken into account (initial assignment phase). Then, a time-slot swapping process is enforced for further enhancement in patient journey quality (rescheduling phase). Here we assume that two patient agents with their treatment plans containing operations of the same type but scheduled at different time are willing to be matched by resource agents and to exchange the corresponding timeslots as far as none of their schedules is worsen (as suggested in [7] ) and none of the temporal constraints as specified in (2) Initial assignment based on P i 's treatment plan 3: for each P i 's treatment operation do 4: Rescheduled to be performed earlier by exchanging timeslot with another patient agent with the help of the resource agent (rescheduling phase) 5: if No involving parties are worsened in terms of their resulting overall schedules then
The exchanging process is proceeded 7: end if
AGENT COORDINATION
In this section, more details about the scheduling algorithm are given, including (1) how the patient agents interact with the resource agents to establish candidate patient agent pairs for timeslot swapping consideration, and (2) how some "unnecessary" swappings can be rejected so as to further improve the scheduling optimality. Figure 2 shows our proposed framework. As what have been introduced in Sections 3.1 and 3.2, there are two types of agents, namely patient agents and resource agents. In order to show clearly the coordination between agents, we further categorize patient agents during a matchmaking process into initiating patient agents and target patient agents. Initiating patient agents P I are those patient agents who initiate a request for timeslot exchange. Target patient agents P G are the others who are willing to participate in the exchanging process.
A bidding process for agent matchmaking
With the objective to shorten its patient journey, an initiating patient agent P I first sends out a request of rescheduling one of the treatment operations to the corresponding resource agents R ab . The request includes the earliest possible start date (EPS) and the latest possible start date (LPS) of its associated treatment operation. In order not to violate the temporal constraints between treatment operations, the EPS can be defined as: Note that δ 1 denotes how many days a patient should be admitted (if needed) before a treatment operation to be carried out. In our experiment, we set to be one. In practice, this value could be designated by healthcare providers in order to better suit their needs. With a similar argument, LP S is defined as:
Once a resource agent receives a request with EP S and LP S, it will first check whether there are available timeslots released by ceased patients which can fulfill the request. If yes, the released timeslot will be assigned to the initiating patient agent. If not, the resource agent will then pass the request to those patient agents (target patient agents, P G ) which reserved resources of the same type in the period from EP S to LP S. Those target patient agents who have received the request will submit a bid to the resource agent in response.
There are several factors needed to be considered in computing the bid value.
• First, the target patient agent should not have its last operation in its treatment plan to be exchanged, or its last operation has then to be performed later and thus it would end up with a lengthened journey.
• Second, as it is impractical to reschedule a patient's treatment operation without prior notification, we assume that the exchange of timeslots would not be considered if the initiating patient will have less than a week's time of notification. • Third, the target patient agent also has to ensure that the temporal constraints between its treatment operations would not be violated after the exchanging process.
Taking into account the above considerations, the bid value submitted by a target patient agent P G with its j t th operation that matches with the j i th operation of the initiating agent P I as specified in the request (that is T r G jt = T r I ji ) is formulated as:
where Last, N oti and T emp are three binary variables. Last = 0 if the j t th operation is not the last one for P G , or ∞ otherwise. N oti = 0 if a week's time of notification for the target patient agent to be notified, or ∞ otherwise. T emp = 0 if there are no temporal constraints violated, or ∞ otherwise. Among all the target patient agents, the one with the lowest bid value will be accepted and the timeslot swapping between the initiating agent and target one will be confirmed. If two bids are found to be numerically identical, the resource agent will select one at random.
A coordination process for rejecting unnecessary swappings
A timeslot swapping confirmed as described in the previous section sometimes does not necessarily lead to ultimate improvement in patient journey. To illustrate that, suppose there is a patient agent with 3 treatment operations to be rescheduled. In case the last treatment operation could not be rescheduled to be performed earlier, any rescheduling of the first 2 treatment operations are essentially useless as the duration of the whole journey remains unchanged (see Figure 3(a) ). As another example, even a shortened patient journey can be achieved, rescheduling of the first 2 treatment operations could also be useless if the rescheduling of the last treatment operation cannot be benefited from the rescheduling of the first two (see Figure 3(b) ).
In order that these useless swappings can be rejected so as to be reserved for other potentially more useful swappings, the scheduling algorithm could be modified in such a way that a resource agent after identifying the most optimal bid among the target patient agents will not notify the initiating patient agent immediately. Instead, it will pass the bid to the resource agent which is responsible for the succeeding treatment operation of the initiating patient agent. Having received such a bid, the resource agent could derive a new EP S, denoted as (new) EP S I ji+1 . Clearly, unnecessary swappings occur if that resource agent could not find a bid among those received from the target patient agent T r
In that case, the resource agent will notify its antecedent to discard the bid such that the corresponding timeslots would not be exchanged. In general, such a succeeding resource agent consultation process can be carried out in a recursive manner.
EXPERIMENTAL VALIDATION
To evaluate the effectiveness of the proposed multi-agent approach, we first obtained a dataset containing the scheduled treatment plans of 5819 cancer patients being treated at the seven cancer centers in Hong Kong within an admission period of 6 months (from 1/7/2007 to 31/12/2007). The average length of the patient journey among all cancer centers is 90.7 days. Based on the dataset, we have carried two groups of experimental simulations.
For the first group of simulations, we made use of the scheduled treatment plans in the dataset for the initial assignment and studied to what extent the multi-agent approach can improve the patient journey as a whole. As only swappings and taking timeslots of ceased patients were allowed in our simulations, the capacity requirement is essentially equivalent to that of the original data.
For the second group of simulations, we aim to make the simulation setting more flexible by making use of only the statistics of the scheduled treatment plans and the capacity of the medical units allocated as revealed in the dataset. The initial assignment strategy and the rescheduling strategy can both be specified by the user for evaluation. Also, we tried to increase the capacity value as revealed in the dataset by percentage so as to see to what extent the patient journey can be improved with more resources injected.
Simulations with initial assignment and unit capacity fixed (Exp. A)
Four different settings have been tested so as to demonstrate various aspects of the proposed algorithm. They include Setting 1: Any patient agent is willing to explore the possibility to swap some or all of its treatment operation schedule with others'.
Setting 2: It is assumed that only 20% of the patients of each center are allowed to undergo timeslot swapping.
Setting 3: It is assumed that patients are reluctant to travel for a long distance even though some of their operations can be scheduled earlier, and thus only swappings between two nearby cancer centers are allowed. In particular, the neighborhood relationships are assumed to be
where α → β implies that patients admitted in cancer center α would only be swapped to its neighboring cancer center β.
Setting 4:
Timeslots released by ceased patients are allocated to the patient agents who have the longest patient journeys at a time point. Figure 4a shows the average length of the patient journeys associated with the seven cancer centers in Hong Kong obtained given the four aforementioned settings.
The experimental results obtained shows that, on average, the average length of journey could be reduced by 9.8 days for those 5819 cancer patients if no restriction is imposed on the exchange of timeslots whenever there is a Pareto improvement (Setting 1). Given only 20% of patients per center are allowed for timeslot exchange (Setting 2), it is found that the average length of journey could still be reduced by an average of 6.1 days. This observation is interesting as even a small percentage of resources being released by each center could already achieve a significant improvement. With the geographical restriction on allowing only swappings between nearby centers as described in Setting 3, the average length of journey can also be reduced by 9.3 days. However, it should also be noted that according to Figure 4b , the maximum length of journey remains unchanged. The reason is obvious as no one is willing to swap with those with the longest length of journey and the last day of the treatment to be the end of the period being considered. Improvement on reduction on maximum length of journey can only be observed for Setting 4 where the released timeslots due to ceased patients are allocated to those with long length of journey.
Simulations revealing the effects of varying initial assignment and unit capacity (Exp. B)
Contrary to the group of simulations previously presented, we tried to simulate also the initial assignment process using again the treatment plan of the 5819 cancer patients. However, all the treatment operations were not scheduled according to the data but simulated based on the statistics of the inter-operation duration obtained from the dataset. In particular, during the initial assignment phase, patient agents would be assigned an initial schedule one by one based on their admission orders. For each treatment operation, each patient agent would be assigned with the next earliest available timeslot. However, it is obvious that there should be a minimum time lag between two subsequent treatment operations due to different medical reasons. We first used the average inter-operation duration computed based on the dataset to set the related parameters as shown in Table 1 and then performed the simulation. The average length of journey computed right after the initial assignment is found to be 83.3 days. Figure 5 shows that the improvements obtained due to the different settings are not very much different from those obtained in the previous section. According to the dataset, the minimum days between any two treatment operations was found to be one only. This implies that treatment operation sometimes could be started one day after another if the resource is available. We have also tried to set the minimum days to be one in our initial assignment phase and compared the results obtained based on those presented in Table 1 . By Figure 6 , while we observed some improvements in performance, the enhancement however is not very significant. Hence, setting some reasonable time lags between treatment operations does not have too big an impact on lengthening too much the length of journey. Of course, there should always be medical reasons for setting a bigger minimum threshold.
For all the results presented so far, it is assumed that the capacity of each medical unit is fixed. To study the costeffectiveness of increasing the units' capacities for patient journey optimization, we increased the capacity by the same percentage for all the medical units. According to Figure 7 , it is found that when all the resource capacities are increased incrementally (10%, 20%, 30%), the reduction on average length of patient journey will then drop accordingly. In particular, it is found that a higher increase in capacities will cause a greater drop as a result. In fact, such drop could be attributed to the fact that when the resource capacities are increased, patients would then be scheduled with less idle times between treatment operations; and hence with less chance to exchange timeslots with others.
CONCLUSIONS
In this paper, a multi-agent approach was proposed for patient journey optimization. Particularly, by applying the approach, the shortening of the overall patient journey will not result in any single patient with its length of journey lengthened as a result. Also, all the temporal constraints among the treatment operations for each patient would not be violated during the scheduling process.
The effectiveness of the proposed approach has been demonstrated by applying it to a dataset containing 5819 scheduled treatment plans of cancer patients admitted to hospitals in Hong Kong. The effects of varying the initial assignment and the unit capacity on the overall reduction in length of patient journey are also studied.
Currently, since we are using a Pareto improvement approach, it is assumed that no single patient (agent) would get a lengthened schedule after swapping timeslots with another. In the future, we are going to see whether there would be a greater improvement in achieving a reduced overall length of patient journey when the above assumption is relaxed. In particular, we are going to see whether the bid as formulated in Section 4.1 could be defined in a more sophisticated way such that a greater reduction on length of patient journey could be achieved by the matchmaking process.
